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Parasite  interactions  have  been  widely  evidenced  experimentally  but  ﬁeld  studies  remain  rare.  Such
studies are  essential  to detect  interactions  of  interest  and  access  (co)infection  probabilities  but  face
methodological  obstacles.  Confounding  factors  can  create  statistical  associations,  i.e. false  parasite  inter-
actions.  Among  them,  host  age  is  a crucial  covariate.  It inﬂuences  host  exposition  and  susceptibility  to
many  infections,  and has  a mechanical  effect,  older  individuals  being  more  at  risk  because  of  a  longer
exposure  time.  However,  age  is  difﬁcult  to  estimate  in natural  populations.  Hence,  one should  be  able  to
deal at  least  with  its cumulative  effect.  Using  a SI  type  dynamic  model,  we  showed  that  the  cumulative
effect  of  age  can generate  false  interactions  theoretically  (deterministic  modeling)  and  with a real  dataset
of feline  viruses  (stochastic  modeling).  The  risk  to  wrongly  conclude  to  an association  was maximal  whenI model
erology
parasites  induced  long-lasting  antibodies  and  had  similar  forces  of infection.  We  then  proposed  a method
to correct  for  this  effect  (and  for  other  potentially  confounding  shared  risk  factors)  and  made  it  available
in  a  new  R  package,  Interatrix.  We also  applied  the  correction  to  the  feline  viruses.  It offers  a  way  to
account  for  an  often  neglected  confounding  factor  and should  help  identifying  parasite  interactions  in
the  ﬁeld,  a necessary  step  towards  a better  understanding  of  their  mechanisms  and  consequences.
ublis© 2015  The  Authors.  P
. Introduction
Epidemiological, clinical, or biological outcomes are often stud-
ed considering each parasite separately. Nevertheless, parasites
arely exist in isolation. Hosts are exposed to numerous parasites
from micro- to macro-parasites, pathogenic or not) simulta-
eously and multiple infections of hosts are more frequently
ncountered than infections by a single parasite (Petney and
ndrews, 1998; Cox, 2001).
Interactions between members of the intra-host community of
arasites, e.g., competition for resources or interactions mediated
y host immune responses, have been widely evidenced in animal
odels and experimental conditions (e.g., (Cox, 2001; Behnke
t al., 1978; Christensen et al., 1987; Frontera et al., 2005)), with a
ain focus on human pathogens such as HIV, tuberculosis, malaria,
∗ Corresponding author. Present address: DST/NRF Centre of Excellence, Percy
itzPatrick Institute of African Ornithology, University of Cape Town, Private Bag
3,  Rondebosch, South Africa. Tel.: +27 0 21 650 4008; fax: +27 0 21 650 3295.
E-mail addresses: eleonore.hellard@gmail.com (E. Hellard),
ominique.pontier@univ-lyon1.fr (D. Pontier), aurelie.siberchicot@univ-lyon1.fr
A. Siberchicot), frank.sauvage@univ-lyon1.fr (F. Sauvage),
avid.fouchet@univ-lyon1.fr (D. Fouchet).
ttp://dx.doi.org/10.1016/j.epidem.2015.02.004
755-4365/© 2015 The Authors. Published by Elsevier B.V. This is an open access article unhed  by  Elsevier  B.V. This  is  an  open  access  article  under  the  CC  BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
sexually transmitted infections, and helminths (e.g., (Bentwich
et al., 1999; Corbett et al., 2002; Celum, 2004; Druilhe et al., 2005;
Abu-Raddad et al., 2006)). There is now strong evidence that
parasites are affected by the presence of other parasites, their
interactions altering the rates of co-occurrence, levels of infection
and disease severity (e.g., (Abu-Raddad et al., 2006; Read and
Taylor, 2001; Weiss and McMichael, 2004; Telfer et al., 2010;
Ives et al., 2011)), as well as the success of parasites management
measures (Pedersen and Fenton, 2007; Harris et al., 2009; Koch
and Schmid-Hempel, 2011) and possibly disease (re)emergence
(Pontier et al., 2009; Keesing et al., 2010).
Numerous studies on parasite interactions have been led in
experimental conditions but are much rarer in natural host popu-
lations, with some exceptions for macroparasites (e.g., helminthes)
communities (e.g., (Telfer et al., 2010; Dezfuli et al., 2001; Lello et al.,
2004; Behnke et al., 2005; Jolles et al., 2008)). Field studies are how-
ever essential because experimental systems are oversimpliﬁed
and because lab studies require an existing suspicion of interaction
between the parasites. In addition, only studies in natural popula-
tions can give access to infection and co-infection probabilities. In
other words, before studying their mechanisms in the lab, interac-
tions of interest must be identiﬁed in the ﬁeld.
Main difﬁculties encountered with studies in natural popula-
tions are methodological. Numerous confounding factors can create
der the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
idemics 11 (2015) 48–55 49
s
F
s
e
d
I
h
‘
p
s
2
1
d
m
l
c
s
m
2
a
A
s
M
l
(
(
p
i
G
o
l
a
d
t
s
t
(
i
(
d
c
i
o
w
s
p
o
d
p
h
a
i
s
p
i
d
t
i
i
t
s
a
Fig. 1. Compartmental representation of the model of circulation of two indepen-
dent parasites. The host population is divided in four compartments: susceptible
(S),  positive to parasite 1 (I1), positive to parasite 2 (I2) and coinfected (I12) individ-
uals. x and ωx are the force of infection and the antibodies’ disappearance rate of
parasite x, respectively. Birth and mortality rates (grey arrows) are considered to
The deterministic version of the model was used to determine
how the cumulative effect of age can generate false interactions
depending on the parasite characteristics. We  considered the rate
at which individuals acquire the infection (x) and the antibodies’
disappearance rate (ωx) (Table 1).
Table 1
Parameters of the deterministic model and their values used in the theoretical
approach.
Parameter Deﬁnition Value
b Birth and mortality rate
(both are considered equal)
0.25E. Hellard et al. / Ep
tatistical associations, i.e., ‘false interactions’, between pathogens.
or instance, as the risk to be infected by sexually transmitted para-
ites is strongly inﬂuenced by sexual behaviors (e.g., (Anderson
t al., 1992)), those infections may  appear associated even if they
o not biologically interact, i.e., even if there is no ‘true interaction’.
n general, if several parasites share common risk factors the same
ost individuals are simultaneously at risk for those parasites and
false interactions’ are generated.
When confounding factors can be identiﬁed and recorded, true
arasite interactions can be searched for using statistical tools
uch as log-linear models (e.g., (Behnke et al., 2005; Howard et al.,
001)), or modiﬁed chi-square analyses (e.g., (Kuris and Lafferty,
994; Hellard et al., 2012)). However, some confounding factors are
ifﬁcult to measure in the ﬁeld. Host age is a striking example. Esti-
ating the age of individuals is difﬁcult for many wildlife species,
eading to potentially strong errors in age determination or in the
lassiﬁcation of individuals into age classes. Nonetheless, there are
urprisingly very few statistical methods enabling to adjust for
isclassiﬁcation errors (Heisey et al., 2006; Conn and Diefenbach,
007) and none in the framework of parasite interactions.
Host age is yet an absolutely crucial covariate to take into
ccount as it is a risk factor for many infectious diseases.
mong other examples, younger animals generally harbor fewer
pecies of helminthes and lower worm burdens (Montgomery and
ontgomery, 1989; Abu-Madi et al., 1998), and the seropreva-
ence increases with age for various parasites (e.g., Toxoplasmosis:
Jones et al., 2001); Hepatitis: (Murrill et al., 2002); Feline viruses:
Hellard et al., 2011)). This age-dependence is due to two  additive
henomena. First, age has a ‘biological’ effect as host behaviors and
mmune defenses may  evolve with age (e.g., (Anderson et al., 1992;
asparoni et al., 2003; Levy, 2007; Bogaards et al., 2010)). Second,
lder individuals are more likely to be seropositive because of a
onger exposure time, mechanically creating a cumulative effect of
ge.
When host age cannot be precisely estimated, it is crucial to
eal at least with its mechanical effect. This is particularly impor-
ant when studying microparasites in natural populations as such
tudies are most of the time cross-sectional and serological. Con-
rary to macroparasites whose follow up can be done quantitatively
i.e., fecal or blood counts), microparasites are often detected using
ndirect signs such as speciﬁc antibodies. Many infections are short
i.e., acute infections) and shedding times too brief (few hours or
ays) to make the search for the microparasites themselves efﬁ-
ient. This would require capturing hosts exactly when they are
nfectious. Most ﬁeld data are thus limited to observed frequencies
f seronegative, seropositive, and doubly seropositive individuals,
ith no information on the exact time of infection or on its inten-
ity. In this context, the search for potential interactions between
airs of parasites consists in determining whether they are more
ften associated than expected by chance. The use of serological
ata reinforces the cumulative effect of age because antibodies may
ersist for months or years within the host. Aged individuals have a
igher probability to have been exposed to the parasite and to have
cquired the speciﬁc antibodies. The number of double seropos-
tive individuals should also increase with age, thereby creating
tatistical associations between parasites.
In this paper, we address the problem of the detection of
arasite interactions in cross-sectional data when there is no
ndividual-speciﬁc age information or when only age-classes can be
etermined (e.g., juveniles versus adults). We  focus on the impact of
he cumulative effect of age in the search for interactions in serolog-
cal data as this is an obvious application. However our approach
s applicable for any disease, infectious or not (e.g., exposure to
oxic chemicals, air pollutants, environmental agents, or toxic sub-
tances that may  lead to health disorders later in life), as long as they
re detectable for a certain period of time. We  ﬁrst use a dynamicbe  constant, of equal value (b) and similar whether hosts are susceptible, singly or
doubly positive.
model to investigate the impact of the cumulative effect of age in
the detection of pairwise parasite interactions. Second, we propose
a method to correct for this mechanical effect. We  adapt a statistical
method previously proposed to account for identiﬁed confound-
ing factors in the search for parasite interactions (‘the corrected
chi-square’, (Hellard et al., 2012)). This approach is applied to a
real serological dataset of four feline viruses obtained in natural
populations of domestic cats.
2. Material and methods
2.1. The cumulative effect of age and false parasite interactions
A dynamic compartmental model in continuous time was used
to model the circulation of two  independent parasites sharing age
as a common risk factor. In this model, the population is split
into four classes, representing the frequency of individuals in each
serological state: susceptible individuals, S, individuals positive to
parasite 1, I1, individuals positive to parasite 2, I2, and doubly pos-
itive individuals, I12 (Fig. 1). Hosts are infected by parasite x with a
force of infection x, whereas the speciﬁc antibodies elicited after
infection by parasite x disappear at a rate ωx. Birth and mortality
rates are assumed to be constant, both equal to b and not inﬂu-
enced by infections. Parasites are independent, i.e., the force of
infection and antibodies’ disappearance rate of a given parasite are
independent from those of the other parasite.
2.2. Parasite characteristics favoring false interactions: a
theoretical approachωx Antibodies’ disappearance
rate of parasite x
[0; 2]
x Force of infection of
parasite x
[0.1; 20]
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The dynamics of the two parasites within the host population
re governed by the following set of ordinary differential equations:
dS
dt
= b − 1S − 2S − bS + ω1I1 + ω2I2 (1)
dI1
dt
= 1S + ω2I12 − ω1I1 − bI1 − 2I1 (2)
dI12
dt
= 2I1 + 1I2 − ω1I12 − ω2I12 − bI12 (3)
dI2
dt
= 2S + ω1I12 − ω2I2 − bI2 − 1I2 (4)
 + I1 + I2 + I12 = 1 (5)
To see whether the cumulative effect of age could generate
alse interactions, we used the Pearson’s chi-square statistic (chi2)
s a measure of statistical association between the two parasites.
t compares the observed frequencies given by the model to the
heoretical frequencies expected if parasites are independent. The
heoretical frequencies (Ek,l) are obtained under the null hypothe-
is that the joint distribution of the cell counts in the 2-dimensional
ontingency table is the product of the row and column marginals.
he Pearson’s chi2 is then calculated as follows:
2 =
1∑
k=0
1∑
l=0
(Ok,l − Ek,l)2
Ek,l
(6)
here k is the status to parasite 1 (0 for seronegative and 1 for
eropositive) and l is the status to parasite 2. The chi2 should be
ull if parasites are independent but should increase if statistical
ssociations are generated by the cumulative effect of age.
False interactions are studied at the equilibrium, i.e. when new
nfections are exactly balanced by recovery and death of infected
ndividuals. In that theoretical case, individuals suffer a constant
orce of infection, so we simply consider x as constants, which
enders the analysis simpler.
In our illustrative example, birth/mortality rate is taken equal
o 0.25 (Table 1), corresponding to a four years life expectancy of
he host.
.3. Bias introduced in a real dataset: an empirical approach
The stochastic version of the model was then applied to a real
erological dataset obtained in natural populations of domestic cats
o study the inﬂuence of the cumulative effect of age in the search
or interactions between feline viruses in the ﬁeld. Data for four
iruses were available: the Feline Immunodeﬁciency Virus (FIV),
he Feline Herpesvirus (FHV), the Feline Calicivirus (FCV), and the
eline Parvovirus (FPV). Details on the studied viruses, on the proto-
ols and on the model can be found in Appendix A1 and in previous
apers (Hellard et al., 2011; Fouchet et al., 2009).
As the value of the antibodies’ disappearance rates of the studied
iruses varied a lot between studies, we tested different scenarios:
1) both viruses induce long lasting antibodies, (2) one virus induces
ong lasting antibodies and the other induces short-lasting antibod-
es, (3) both viruses induce short lasting antibodies (see Appendix
1 for more details).
The purpose of this section was to show how the cumulative
ffect of age can introduce a strong bias in the distribution of the
earson’s chi2. To simplify, we did not introduce other risk factors
which is the purpose of the next Section 2.4) and consider no age-
lass for now.s 11 (2015) 48–55
2.4. Correcting for the cumulative effect of age
2.4.1. The correction
To correct for the cumulative effect of age, we extend the cor-
rected chi2 approach proposed in (Hellard et al., 2012) by including
the change of the probability of infection with age as modeled in
the mathematical model presented above (Eqs. (1)–(5), Fig. 1).
The ﬁrst step of the approach consists in modeling the probabil-
ity of infection of each individual. In this model, the rate at which
individuals acquire the infection may  differ between individuals.
Let us call X1,. . .XN the set of covariates that we  want to include in
the model (i.e. the factors that may  affect the individual probability
of acquiring the infection and hence may  generate false interac-
tions, see (Hellard et al., 2012) for more details). The rate at which
individual i gets infected by the parasite x at time t is given by:
ln
(
xi (t)
)
= ax0 +
∑
axkXk(t) (7)
where ax
k
are constant coefﬁcients describing how the k-th risk fac-
tor Xk affects the rate of infection. Note that the only covariate that
may  vary over time is age-class. We  assume that coefﬁcients are
constant, which implicitly means that we assume that the rate
of infection is constant as long as the individuals remain in the
same age-class. Since the transmission rate is age-class dependent
and that age varies over time, we denote the transmission rate by
individual i belonging to age-class A x
i,A
.
If we  call ω the rate at which a (sero)positive individual becomes
negative, then the probability (pi) that individual i is observed neg-
ative at age a is given by the following equation:
dpx
i
da
= −x(i,A)(t)pxi (a) + ωx[1 − pxi (a)] (8)
Since we  do not know the exact age of individuals, the proba-
bility that individual i is observed negative is given by the average
probability over the entire age-class:
Pxi (A) =
∫ a2(A)
a1(A)
d(a)pxi (a)da (9)
where a1(A) and a2(A) are the boundaries of age-class A (a2 equals
inﬁnity for the last age-class). Note that the length of the age-classes
can be different and that if no information on age is known, a sin-
gle age-class with an inﬁnite upper-bound can be used. d(a) is the
age-distribution of individuals within age-class. Unfortunately, for
most species we do not know this age-distribution. In this paper,
we consider the simpliﬁed case where both the ﬂow of newborns
and the mortality rate within age-classes are constant, leading to a
distribution of the density of individuals within age-classes expo-
nentially decreasing with age (see Appendix A2 for computation
details):
d(a) = m(A)e
−m(A)a
e−a1(A)m(A) − e−a2(A)m(A) (10)
where m(A) is the mortality rate within the age-class A.
After solving Eq. (8), it can be easily shown that the probability
of being negative for an individual belonging to age-class A is given
by (see Appendix A2 for computation details):
Pxi (A) =
[
Qxi (A) −
ωx
ωx + x
i,A
]
e
[
ωx+x
i,A
]
a1(A)
[ ] [ ]
×
e−m(A)a1(A) − e−m(A)a2(A)
× m(A)
ωx + x
i,A
+ m (A) +
ωx
ωx + x
i,A
(11)
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here Qi(A) is the probability of being negative for an individual
ntering the age-class A and given by the recursive formula:
Qxi (1)  =  1
Qxi (A  +  1)  =
[
Qxi (A)  −
ωx
ωx +  xi,A
]
e
−
[
ωx+x
i,A
]
(a2(A)−a1(A)) + ω
x
ωx +  xi,A
(12)
The second step of the method consists in inferring the
oefﬁcients akx from the data. Since we now know the theoretical
robability that each individual is observed positive, we can easily
alculate the likelihood as a function of the coefﬁcients akx:
x =
∏
i∈˝−
Pxi (Aobs(i))
∏
i∈˝+
(1 − Pxi (Aobs (i))) (13)
here ˝− and ˝+  stand for the set of negative and positive individ-
als, respectively, and Aobs(i) is the observed age-class of individual
.
Using likelihood maximization we can calculate the coefﬁcients
x̂
k
for each parasite x, which estimate the coefﬁcients akx for the
arasite x.
The third step consists of calculating the theoretical table, giv-
ng the expected number of individuals positive to none, one, or
wo parasites, assuming no interaction between the parasites. Four
tates are possible according to the status (St) to both parasites:
eg/neg (St1 = neg, St2 = neg), neg/pos (St1 = neg, St2 = pos), pos/neg
nd pos/pos. The probability that individual i is in each of the four
tates is obtained from the formula:
i (St1, St2|A) =
a1(A)∫
a2(A)
Pi (St1|a)Pi (St2|a)da (14)
The solution of this equation is given in Appendix A2 (see Eqs.
13–A15).
By summing the probabilities over all individuals when they are
n their observed age-class (Aobs), we obtain the corrected expected
umber of individuals (Ck,l) in each of the four states:
k,l =
∑
i
Pi(St1 = k, St2  = l|Aobs(i)) (15)
The corrected chi2 is simply the Pearson chi2 that compares the
xpected and the observed tables:2 =
1∑
k=0
1∑
l=0
(Ok,l − Ck,l)2
Ck,l
(16)
ig. 2. Pearson’s chi2 statistic in function of parasite x force of infection, x (A) and antib
1 = 2 = ; ω1 = ω2 = ω). In (A), both parasites have an antibodies’ disappearance rate, ω, os 11 (2015) 48–55 51
In the last step, K in silico data sets are generated under H0:
‘the two parasites are independent’ in order to estimate the distri-
bution of the corrected chi2 under H0. First, for each individual, a
serological status to both parasites is sampled assuming the proba-
bility of infection given in Eq. (9) by replacing for each parasite the
coefﬁcients ax
k
by their estimates (âx
k
). Then the in silico data set is
reanalyzed and the associated corrected chi2 is calculated.
For each of the K in silico data sets, we obtain one estimate
of the corrected chi2 leading to K independent realizations of the
corrected chi2 statistic under H0.
The p-value is calculated as follows. Since the chi2 quantiﬁes
the deviation from theoretical quantities, we consider an unilat-
eral p-value. If H0 is true, the observed chi2 combined with the K
simulated values provide K + 1 independent realizations of the same
distribution. The probability of observing a value as extreme as the
one observed is simply given by the number of in silico chi2 that are
above the observed corrected chi2 plus one, divided by K + 1.
All simulations were run in the R software (R Core Team,
2013) and were performed using the computing facilities of the
CC LBBE/PRABI. The method has been included in a new R package
that we  called Interatrix.
2.5. Application to the real dataset
The method described above was then applied to the same
dataset of feline viruses than before. Four age-classes were consid-
ered (0–2, 2–4, 4–6 years old and older than 6 years), as classically
in the study of domestic cats, as well as all risk factors identiﬁed
previously in our populations (Hellard et al., 2012; Hellard et al.,
2011).
3. Results
3.1. The cumulative effect of age and false parasites interactions
3.1.1. Parasite characteristics favoring false interactions: a
theoretical approach (deterministic modeling)
Using the dynamic model presented in Section 2.1, we investi-
gated the effect of the force of infection (x) by ﬁxing the antibodies’
disappearance rate of both parasites and by varying x between 0.1
and 20 (Table 1). The force of infection of the two parasites were ﬁrst
considered to be similar (1= 2 = ; Fig. 2(B), Fig. 3(B), then dissimi-
lar (1 /= 2; Fig. A3.2 in Appendix A3). The effect of the antibodies’
disappearance rate (ωx) was tested by ﬁxing the force of infection
and by varying ωx between 0 and 2 (Table 1). The antibodies’ dis-
appearance rate of the two parasites were ﬁrst considered similar
(ω1 = ω2 = ω; Fig. 2(A), Fig. 3(A) then dissimilar (ω1 /= ω2, Fig. A3.2
in Appendix A3).
odies’ disappearance rate, ωx (B). The same rates are taken for both parasites (i.e.,
f 0.1; in (B), both parasites have a force of infection, , of 10.
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Using the deterministic version of the compartmental model, we
ound that the value of the chi2 increased with the force of infection
nd decreased with the antibodies’ disappearance rate (Fig. 2). In
ddition, the chi2 was maximal when both parasites had similar
orces of infection and persistent antibodies (Fig. 3; see Appendix
3 for a wider range of ωx and x values)..1.2. Bias introduced in a real dataset: an empirical approach
stochastic modeling)
If the cumulative effect of age was not taken into account (i.e.,
sing a classical Pearson’s chi2), ﬁve out of the six pairs of feline
ig. 4. Examples of simulated chi2 distribution under H0: “viruses are independent” for t
oth  viruses (a, b) and scenario 3: antibodies’ persistence is short for both viruses (c, d). T
earson’s chi2 with one degree of freedom and an alpha risk of 5%. The forces of infection o
c)  (FHV = 2.02, FCV = 5.95); (d) (FCV = 5.95, FPV = 0.24).bodies’ disappearance rate, ωx (B) of each parasite x. In (A), both parasites have a
ilar force of infection, 1 = 2 = , of 10.
viruses appeared signiﬁcantly associated with a type I error of 5%
((Hellard et al., 2012), Table A1 in Appendix A1). Using the dynamic
stochastic model, we found that four of these associations could in
fact be explained by the cumulative effect of age when both viruses
induced long-lasting antibodies (scenario 1; Table A1 in Appendix
A1). It was  not the case anymore however if at least one virus
induced short immunity (scenarios 2 and 3; Table A1 in Appendix
A1).The stochastic modeling conﬁrmed that antibodies persistence
was of premium importance. The simulated chi2 distribution was
very strongly shifted compared to the distribution of a Pearson’s
wo pairs of feline viruses under scenario 1: antibodies’ persistence (ωx) is long for
he dashed vertical line indicates the value 3.84, i.e., the theoretical threshold for a
f the viruses are as follows: (a) (FHV = 0.40, FCV = 1.19); (b) (FCV = 1.19, FPV = 0.08);
E. Hellard et al. / Epidemics 11 (2015) 48–55 53
Table  2
Chi2 tests on pairs of feline viruses after (a) correction for known risk factors (including age as a factor with four age-classes, from (Hellard et al., 2012)) and (b) correction for
risk  factors (including age as a factor with four age-classes) and for the cumulative effect of age (CEA). Note that there are two scenarios 2 for the three last pairs of viruses,
one  scenario where the ﬁrst virus has a long antibodies persistence and the second virus a short antibodies persistence and one scenario with the contrary.
Virus1 Virus2 Scenario ω1 ω2 Chi2 | risk factors Chi2 | risk factors and CEA
chi2 P chi2 P
FIV FHV 1 0 0 2.24 0.05 1.91 0.10
2  and 3 0 1 3.25 0.03
FIV FCV 1  0 0 1.46 0.14 1.85 0.12
2  and 3 0 1 4.12 0.03
FIV FPV 1  0 0 0.68 0.23 0.08 0.74
2  and 3 0 0.5 0.14 0.62
FHV FCV 1 0 0 20.81 1.9 × 10−8 7.58 1 × 10−3
2 0 1 14.29 1 × 10−3
2 1 0 16.49 1 × 10−3
3 1 1 19.84 1 × 10−3
FHV FPV 1 0 0 54.26 0.00 34.67 1 × 10−3
2 0 0.5 40.44 1 × 10−3
2 1 0 40.69 1 × 10−3
3 1 0.5 45.43 1 × 10−3
FCV FPV 1 0 0 26.39 1.7 × 10−11 14.25 1 × 10−3
2 0 0.5 16.02 1 × 10−3
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hi2 when antibodies were long-lasting for both viruses (Fig. 4(a).
or the FHV-FCV pair and b. for the FCV-FPV pair), especially
f viruses had similar forces of infection (Fig. 4(a); Table A1 in
ppendix A1). When forces of infection were sufﬁciently dissimilar
nd when antibodies were short-lasting for at least one virus, the
umulative effect of age was on the contrary negligible (Fig. 4(d);
able A1 in Appendix A1).
.2. Application of the correction for the cumulative effect of age
o pairs of feline viruses
When the correction presented in Section 2.2 was applied to
he feline viruses, three associations remained signiﬁcant if both
iruses induced long-lasting antibodies (scenario 1), and ﬁve when
t least one virus induced short-lasting antibodies (scenario 2 and
) (Table 2). These results are coherent with those found in (Hellard
t al., 2012), where no correction for the cumulative effect of age
as applied but where age was a correcting factor. This suggests
hat the three associations remaining signiﬁcant, even when anti-
odies are persistent, are strong and that the cumulative effect of
ge is not enough to explain these associations.
. Discussion
The bias introduced by the cumulative effect of age in the
earch for parasite interactions in the ﬁeld has long been suspected
Courchamp et al., 2000; Cross et al., 2009), without providing a the-
retical background explaining how this cumulative effect works
or a proper way to take this phenomenon into account into a sta-
istical framework. Intuitive solutions have been proposed, such as
he restriction of the dataset to a narrow age-class, most often the
oung, in which the cumulative effect of age is less important (Kuris
nd Lafferty, 1994). Age-stratiﬁcation of the data has also been used
s an alternative strategy (e.g., (Farrington et al., 2001)).
Using deterministic and stochastic versions of an epidemiolog-
cal model, this paper provides a theoretical background to study
he degree of false interactions (i.e., statistical associations) that can
e generated by the cumulative effect of age. Its effect was  indeed
mportant, i.e., found to generate apparent interactions between
ndependent parasites, especially when forces of infection were16.19 1 × 10
19.31 1 × 10−3
high (i.e., strong transmission, high prevalence) and when antibod-
ies persisted for a long time within hosts (i.e., long immunity). The
maximal risk was  when parasites were both transmitted with a
similar force of infection. When stochastic modeling was applied
to a real dataset of feline viruses, we showed that this mechanical
effect of age could be strong in realistic conditions.
The method we propose here is an extension of the corrected
chi2 method proposed in (Hellard et al., 2012), which enabled the
correction for other potential confounding risk factors such as sex,
way of life or the population of origin. Age could also be inte-
grated into the analysis, but only using the available information.
The method could in particular account for differences in disease
exposition between two  identiﬁed age-classes. But no correction
could be done at a ﬁner age-scale, i.e., within the same age-class.
When the precise age of individuals was not known, it was impos-
sible to account for the fact that within a given age-class older
individuals had a longer history of exposition to all parasites than
younger individuals of the same class. This later phenomenon (i.e.,
the cumulative effect of age) is important since in many species age-
classes can be very large (e.g., in long lived species where the precise
age of adults is unknown). The method presented in this paper
accounts for the cumulative effect of age in the search for parasite
interactions, and is rendered available in a new R package, Inter-
atrix, which also includes the corrected chi2 proposed in (Hellard
et al., 2012).
Applied to feline viruses, the mechanical effect of age was not
sufﬁcient to explain the observed associations between FHV and
FPV, FHV and FCV and FPV and FCV. Results are consistent with what
was observed in (Hellard et al., 2012) with the simple corrected chi2
that did not correct for the cumulative effect of age. It is not surpris-
ing in that case since the three associations were highly signiﬁcant.
Even though the observed associations were explained a little bit
better when the cumulative effect of age was accounted for, unex-
plained links between the three sets of viruses remained high. At
this stage it is however too early to make any distinction between
real interactions and the existence of one or more other unidenti-
ﬁed confounding factors. In either case, these interactions would
be interesting to further examine in experimental conditions.
As most statistical tools, our method presents some limitations.
To understand these limitations, it is important to consider that the
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earch for parasite associations in the ﬁeld can, under no circum-
tance, provide any proof of a real biological interaction. A high (or
ow) level of association between two parasites can always result
rom an existing and unmeasured shared risk factor. Among all,
he individual personality (e.g., (Natoli et al., 2005)), in particular,
an be a confounding risk factor in all host-parasite systems, and is
xtremely difﬁcult to capture in the ﬁeld.
For that reason we believe that the analysis of parasite associa-
ions in the ﬁeld should be viewed as a tool helping to choose which
arasite association should be more extensively studied in the lab.
n the ﬁeld one can only investigate which parasite associations can
e explained by confounding risk factors. Parasite pairs for which
he observed association cannot be explained can motivate further
xperiments and are more prone to lead to interesting studies in
he lab.
As decision tools, statistical methods are imperfect by nature,
nd can only be designed to take the maximum beneﬁt of the
ollected data. Introducing the cumulative effect of age into the
nalysis of parasite associations is clearly a step in this direc-
ion. One should remember however that it was done here under
estrictive assumptions, making the method more relevant in some
ituations than in others. In particular, we assumed a constant
xposition rate both in time and within age-classes. This simpliﬁca-
ion is reasonable for endemic pathogens but not for epidemic ones.
tudying the association between two epidemic parasites would
equire including the timing of the two epidemics in the model, a
undamental property that can affect the level of expected mechan-
cal associations. Our method also relies on survival parameters. In
articular, survival within the last age-class affects the host life-
xpectancy and needs to be informed to correctly evaluate the level
f potential false interactions due to the cumulative effect of age.
When trying to explain associations between pairs of parasites,
e recommend the following procedure. First, one should start by
sing the method that does not account for the cumulative effect of
ge presented in (Hellard et al., 2012) (also included in the Intera-
rix package). If no signiﬁcant association is found there is no need
o go further. If a negative association is found there is no need
o go further neither, since the cumulative effect of age only gen-
rates positive associations. If a positive association is found and if
ntibodies are suspected to be potentially long lasting, then the full
ethod should be used. The maximum rate of antibody disappear-
nce should be ﬁxed at its smaller realistic value (i.e. larger realistic
alue for the duration of antibody). If the association remains sig-
iﬁcant, then nothing in the measured risk factors can explain the
bserved association and one can suspect a true interaction.
Finally, it is important to remind that the nature of the data
nalyzed in this framework (transversal data) only allows high-
ighting potential interactions that could lead to an over (or under)
epresentation of co-positive individuals (positive either to spe-
iﬁc antibodies or to antigens, depending on the positivity criterion
sed). It cannot provide information on the impact of co-infections
n the severity of the disease.
. Conclusion
Parasite interactions have been shown to have serious conse-
uences on parasite circulation, disease severity and management
e.g., (Abu-Raddad et al., 2006; Lello et al., 2004; Corbett et al.,
002; Graham et al., 2005)) but their number still tends to be
verestimated. Recent advances in omic technologies now allow
he identiﬁcation of past and present infections by several parasitic
gents in wild populations. It offers the growing opportunity to
etect associations between numerous pairs of potentially inter-
cting agents. However, deep and robust statistical methods are
eeded to decide which of these suspected associations should
e brought into the lab for further analysis. The method proposeds 11 (2015) 48–55
in this paper makes one additional step into that direction by
including the cumulative effect of age in the set of potential
confounding factors generating false interactions (i.e., statistical
associations) between independent parasites.
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